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Abstract

Earth Observation (EO) uses satellite and aerial
imagery to monitor the Earth’s surface, sup-
porting critical applications in infrastructure,
agriculture, and climate change. As govern-
ments and industry scale EO pipelines, reli-
able automation has become essential. Yet, cur-
rent Vision-Language Models are limited to
coarse-grained perception, struggling to exe-
cute the precise, multi-step reasoning required
for operational decision-making. Recent eval-
uations on benchmarks like GeoBench-VLM
highlight this shortcoming: even state-of-the-
art models show low accuracy and frequently
struggle with tasks requiring precise numeri-
cal reasoning and domain-specific knowledge,
such as object counting, crop-type classifica-
tion, and assessing vegetation health. These
limitations stem from their static, monolithic in-
ference pipeline, which prevents adaptive anal-
ysis and error correction. To address these lim-
itations, we introduce ‘GeoScout-Agent’, an
autonomous agentic framework designed to
overcome these constraints by coupling GPT-
5-mini’s tool capabilities. The system built
upon LangChain dynamically invokes code ex-
ecution, progressive zooming, sharpening, and
external context verification, while DINOv3
and SAM3 provide zero-shot segmentation and
high-quality feature extraction for richer LLM
context. This coordinated framework enables
the model to iteratively decompose, validate,
and refine its predictions rather than relying on
a single forward pass. Evaluated on GeoBench-
VLM, our approach achieves substantial gains
over standard VLM baselines. GeoScout-Agent
consistently resolves intermediate failures, im-
proves geospatial understanding, and achieves
arelative 17.3% improvement across the evalu-
ated tasks over the baseline approach. We will
publicly release our code upon acceptance.

1 Introduction

Geospatial reasoning is inherently an active and
iterative process. Human analysts do not interpret
satellite imagery through a single static view; in-
stead, they dynamically zoom into regions of in-
terest, enhance visual contrast, isolate object clus-
ters, and cross-check local evidence before arriv-
ing at a decision. In contrast, most contemporary
vision-language models (VLMs) operate in a pas-
sive, single-pass manner. They consume a fixed-
resolution image and produce an answer without
the ability to manipulate visual input or verify inter-
mediate hypotheses. This limitation becomes par-
ticularly severe in Earth observation, where small
objects such as vehicles and rooftops, environmen-
tal artifacts including haze and shadows, and subtle
spatial cues frequently determine the correct inter-
pretation.

Recent benchmarks such as GeoBench-
VLM (Danish et al., 2025) make this limitation of
single-pass VLM inference in geospatial reasoning
explicit. Even state-of-the-art systems, including
LLaVA-OneVision (Li et al., 2024), plateau at
roughly 41% accuracy and exhibit systematic
failures in tasks that require numerical precision,
multiscale inspection, or spatial localization such
as Building Counting, Vehicle Counting, Crop
Classification, and Tree Health Assessment. These
errors are not merely a consequence of model
capacity, but stem from the rigidity of monolithic
inference pipelines that prevent adaptive analysis
and error correction.

At the same time, the computer vision com-
munity has produced powerful domain-specific
perception models, including foundation encoders
and segmentation systems tailored to remote sens-
ing imagery. Models such as DINOv3 (Siméoni
et al., 2025) and SAM3 (Carion et al., 2025) offer
strong zero-shot detection and instance-level rea-
soning capabilities, yet they are typically deployed
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Figure 1: Framework overview of GeoScout-Agent, a tool-augmented Earth Observation (EO) agent. Given a
question and a satellite image, GeoScout-Agent iteratively reasons over visual evidence and invokes specialized
tools including multiscale zoom, image sharpening, DINOv3-based unsupervised object discovery, SAM3 zero-shot
segmentation, code execution, and web-based context verification. Tool outputs are fed back into the reasoning loop,
enabling progressive hypothesis refinement and error correction until a final, validated prediction is produced.

as standalone predictors or offline preprocessing
steps. As a result, their potential to support iter-
ative, hypothesis-driven reasoning within VLMs
remains largely untapped. Bridging this gap re-
quires rethinking geospatial reasoning as a closed-
loop process in which perception modules act as
controllable subroutines rather than static feature
extractors.

In this work, we introduce GeoScout-Agent, an
agentic Earth Observation framework that opera-
tionalizes active perception for geospatial reason-
ing. Our system integrates a base vision—language
model, GPT-5-mini (OpenAl, 2025), with a graph-
based agent controller built on LangChain (Top-
sakal and Akinci, 2023), enabling the model to it-
eratively inspect imagery, invoke specialized tools,
and refine its predictions based on intermediate vi-
sual evidence. The agent is equipped with a suite
of EO-relevant tools, including multiscale zoom
for adaptive resolution control, image sharpening
for degraded satellite data, DINOv3-based unsuper-
vised visual discovery, SAM3-based zero-shot seg-
mentation for region-level reasoning, Python code
execution for deterministic image analysis, and
web-based retrieval for contextual verification. By
embedding these tools within a unified perception-
reasoning loop, the agent moves beyond passive
observation toward deliberate, verifiable geospatial
inference. Our main contributions are as follows:

* We propose GeoScout-Agent, an agentic
framework for Earth observation that trans-
forms geospatial reasoning from single-pass
VLM inference into an iterative perception-
action loop with tool-augmented analysis.

* We integrate multiple specialized vision and

analysis tools as controllable subroutines
within a language-driven agent, enabling
multiscale inspection, segmentation-assisted
counting, and iterative refinement.

* We demonstrate consistent and substantial per-
formance gains on GeoBench-VLM, partic-
ularly for dense object counting and spatial
reasoning tasks, highlighting the limitations
of passive VLMs and the benefits of active
perception.

2 Related Work

2.1 Vision-Language Models for Earth
Observation

Recent work has adapted general-purpose vision-
language models to Earth observation through fine-
tuning, dataset curation, or multi-sensor alignment.
Systems such as GeoChat (Kuckreja et al., 2024),
LHRS-Bot (Muhtar et al., 2024), EarthDial (Soni
et al., 2025), and SkySense (Luo et al., 2024) en-
able natural language interaction with satellite im-
agery and improve accessibility for downstream
users. While effective for coarse scene understand-
ing and captioning, these approaches largely oper-
ate under a single forward-pass inference paradigm.
As a result, they struggle with tasks that require
numerical precision, dense object counting, or spa-
tial verification, limitations that are systematically
exposed by GeoBench-VLM evaluations.

Parallel to VLM development, the computer vi-
sion community has produced strong foundation
models for remote sensing perception. Models
such as DINOv3 (Siméoni et al., 2025) provide
robust unsupervised visual representations, while
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Figure 2: Task-level accuracy heatmap of vision—-language models on GeoBench-VLM. Tool-augmented inference
enables substantial gains over single-pass baselines, particularly for object counting, scene understanding, and
spatial reasoning, demonstrating the impact of closed-loop visual analysis.

segmentation frameworks like SAM3 (Carion et al.,
2025) enable high-quality zero-shot instance masks
across domains. While these specific models are
recent, prior EO pipelines have employed similar
representation learning and segmentation models
primarily as static preprocessing components or
independent predictors (Xiao et al., 2025). Their
outputs are consumed once, without allowing a
language model to adaptively invoke, refine, or
cross-check visual evidence. In contrast, our work
integrates these perception models as callable tools
within an agentic loop, allowing the language
model to selectively apply segmentation, discovery,
and analysis in response to intermediate failures.

2.2 Agentic Vision-Language Approaches for
Earth Observation

More recent efforts explore agent-based formu-
lations for EO reasoning, aiming to decompose
complex geospatial tasks into sequences of tool
calls. GeoFlow (Bhattaram et al., 2025) proposes
workflow automation through predefined execution
graphs optimized for efficiency, but lacks adaptive
visual feedback during inference. Remote Sensing
ChatGPT (Guo et al., 2024) and related systems
employ LLM-driven planners to orchestrate exter-
nal remote sensing models, with visual information
primarily injected via captions and tool outputs
rather than end-to-end image-driven reasoning.
Several domain-specific agents target narrowly
scoped EO tasks. TreeGPT (Du et al., 2023) fo-
cuses on forestry applications such as tree seg-
mentation and ecological parameter estimation,
while Change-Agent (Liu et al., 2024a) addresses

bi-temporal change detection through instruction-
following workflows. GeoMap-Agent (Huang
et al., 2025) targets geological mapping with struc-
tured visual inputs. Although effective within their
respective domains, these systems rely on task-
specific templates or qualitative reasoning and do
not support general-purpose, iterative visual verifi-
cation across heterogeneous EO tasks.

RS-Agent (Xu et al., 2024) represents the closest
conceptual precursor to our work. It introduces an
LLM-centered controller that routes queries to ex-
ternal tools and retrieval systems. However, its pri-
mary emphasis lies in knowledge retrieval and de-
cision routing, rather than visual grounding. While
RS-Agent possesses image processing tools, visual
inputs are not dynamically manipulated for itera-
tive verification, and intermediate perception errors
cannot be corrected once a tool call is made. In
contrast, GeoScout-Agent treats vision as an ex-
plicit component within an iterative reasoning loop,
allowing multiscale zooming, sharpening, segmen-
tation, and code-based analysis to be invoked as
needed during inference. Building on prior agentic
vision-language work, we present a fully instanti-
ated EO system that performs closed-loop percep-
tion, verification, and reasoning directly over raw
satellite imagery.

3 Methodology

3.1 Framework Architecture

We formalize the geospatial reasoning process
as a graph-based agent framework within the
LangChain ecosystem (Chase, 2022). The archi-
tecture consists of a directed graph containing two



primary nodes:

Reasoning Node (Agent): A GPT-5-mini in-
stance that analyzes the current AgentState, rea-
soning over the conversation history and visual
evidence to generate tool calls or a final response.

Execution Node (Tools): A runtime environ-
ment that parses tool calls, executes the corre-
sponding Python routines or model inference (e.g.,
SAM3, DINOVvV3), and appends the outputs to the
state.

The AgentState is implemented as an ordered
message list that persistently accumulates all user
inputs, agent actions, and tool outputs. This ad-
ditive state representation preserves the full inter-
action trace across iterations, enabling GeoScout-
Agent to reason over prior visual evidence, failed at-
tempts, and intermediate computations rather than
relying only on the most recent observation.

3.2 Vision Language Controller

The central decision engine of the system is a
GPT-5-mini model configured as the orchestrator
(Fig 1). At each iteration, GeoScout-Agent receives
the full AgentState and decides whether additional
evidence is required. It then either invokes one or
more tools or produces a final answer. Tool outputs
are appended to the state, allowing subsequent rea-
soning steps to condition explicitly on intermediate
perceptual and computational results.

3.3 Visual Perception and Dynamic Analysis
Tools

To support fine-grained geospatial reasoning,
GeoScout-Agent is equipped with a modular set
of vision tools that combine high-capacity neural
models with lightweight image manipulation and
numerical analysis utilities. These tools operate
independently of the VLM and can be invoked at
any time. Crucially, visual artifacts produced by
any tool (e.g., masks, crops, enhanced views) are
recursively appended to the multimodal context, en-
abling direct reasoning over the transformed state.

Specialized Vision Modules We integrate two
vision foundation models as specialized perceptual
components.

SAM3 Instance Segmentation. Given an image
and a textual query, SAM3 produces zero-shot in-
stance masks with associated confidence scores, en-
abling object counting, region isolation, and pixel-
level analysis.

DINOvV3 Unsupervised Detection. DINOv3

performs class-agnostic object discovery by cluster-
ing dense visual features and extracting bounding
boxes for salient regions, supporting exploratory
analysis when object categories are unknown.

Image Manipulation and Analysis Tools
GeoScout-Agent can also invoke procedural tools
for targeted visual refinement:

Python Code Execution. A flexible execution
interface that allows deterministic image analy-
sis and transformation, including pixel statistics,
geometric operations, and custom filters using
OpenCV-based Python code execution.

Zoom and Sharpen. The zoom tool performs
adaptive field-of-view control by cropping image
regions around agent-selected normalized coordi-
nates and resizing them to a fixed resolution, en-
abling focused inspection of small or dense struc-
tures. The sharpen tool applies an unsharp mask
to enhance edges and contrast in degraded or hazy
imagery.

Web Search. GeoScout-Agent may invoke built-
in web retrieval for contextual verification or fact
checking when visual evidence alone is insufficient.

3.4 Inference Workflow

Inference proceeds through an iterative perception-
reasoning loop defined by the LangGraph cycle. At
each iteration, GeoScout-Agent evaluates the cur-
rent state, determines whether additional evidence
is required, and either invokes tools or generates
a final response. Tool outputs are appended to the
state and incorporated into subsequent reasoning
steps.

Termination is governed by explicit control poli-
cies. The loop terminates if any of the following
conditions is satisfied: (1) The agent produces a
final answer without requesting further tools, (2)
A predefined maximum number of tool calls is
reached (fixed to 3 across all experiments), or (3)
An empty response is detected.

In cases (2) and (3), forced synthesis is triggered,
wherein the LLM is invoked without tool bindings
to generate a final textual answer. The graph is
additionally compiled with a recursion limit of 20
to prevent unbounded execution. These safeguards
ensure bounded computation, prevent infinite loops,
and guarantee that inference always yields a textual
prediction.



Model Event Det Object Cls Counting Scene Und Image Cap
GPT-40 (Hurst et al., 2024) 0.4726 0.5863 0.3965 0.7114 0.6418
EarthDial (Soni et al., 2025) 0.5418 0.4039 0.3626 0.7705 0.5378
Qwen2-VL (Wang et al., 2024b) 0.4640 0.4560 0.4019 0.6761 0.5895
LLaVA-OneVision (Li et al., 2024)  0.4063 0.4593 0.4377 0.6636 0.6317
SkySenseGPT (Luo et al., 2024) 0.3458 0.3094 0.3119 0.6205 0.6416
InternVL-2 (Chen et al., 2024) 0.3458 0.3062 0.3280 0.5727 0.5968
GeoChat (Kuckreja et al., 2024) 0.3372 0.3127 0.2922 0.6091 0.4395
LHRS-Bot-Nova (Li et al., 2025) 0.2594 0.2704 0.3286 0.6330 0.6275
LLaVA-NeXT (Liu et al., 2024b) 0.3170 0.3192 0.2737 0.5477 0.6293
LLaVA-1.5 (Liu et al., 2023) 0.3228 0.3029 0.2618 0.5625 0.6346
RS-LLaVA (Bazi et al., 2024) 0.2795 0.3094 0.2534 0.5534 0.5604
SPHINX (Lin et al., 2023) 0.2363 0.2052 0.1860 0.2170 0.6451
Ferret (You et al., 2023) 0.1643 0.1173 0.1956 0.1261 0.5615
GPT5-mini (OpenAl, 2025) 0.4579 0.6613 0.3971 0.7294 0.8533
GeoScout-Agent 0.4901 0.7330 0.5261 0.7728 0.8555

Table 1: VLMs accuracies across geospatial tasks. Evaluation includes event detection, object classification,

counting, scene understanding, and image captioning.

4 Experiments and Results

4.1 Experiments Across Task Categories

We evaluate two models in addition to those in
the GEOBench-VLM benchmark (Danish et al.,
2025). The first, GPT-5-mini, serves as the tool-
free baseline throughout this paper. The second
variant, GeoScout-Agent, augments GPT-5-mini
with segmentation, detection, zooming, and sharp-
ening tools, enabling iterative visual inspection and
verification. Baseline scores for prior models are
reproduced directly from GEOBench-VLM, and
we additionally report results for both GPT-5-mini
and GeoScout-Agent. Example tasks from all cate-
gories are shown in Appendix F.

Scene Understanding: Scene understanding
tasks span agriculture, urban planning, and envi-
ronmental monitoring. These tasks are challenging
due to subtle inter-class differences and limited
spatial resolution. Compared to the tool-free base-
line, GeoScout-Agent consistently improves per-
formance, outperforming all single-pass VLMs on
this category (Table 1). This gain indicates that iter-
ative inspection and targeted visual refinement are
particularly beneficial for resolving fine-grained
scene-level distinctions.

Object Classification: Object classification
tasks, such as identifying ships and aircraft, are
central to maritime surveillance and airspace moni-
toring. GeoScout-Agent achieves a 10.84% relative
improvement over the baseline, demonstrating that
tool-augmented reasoning improves object-type
separation in visually similar categories, where
single-pass inference often fails.

Event Detection: Event detection tasks focus

on identifying disasters relevant to environmental
monitoring and risk management. Although Earth-
Dial achieves the highest performance in this cate-
gory, GeoScout-Agent consistently outperforms its
tool-free counterpart. This improvement indicates
that iterative inspection and targeted tool use con-
tribute to more reliable event-level classification.

Caption Generation: Image captioning perfor-
mance is evaluated using BERTScore. GeoScout-
Agent yields only marginal gains, suggesting that
caption quality is primarily determined by the base
model’s representational capacity rather than itera-
tive visual reasoning. This result is consistent with
the fact that captioning emphasizes holistic seman-
tic description rather than fine-grained verification.

Object Localization and Counting: This cat-
egory evaluates the ability to localize and count
objects such as buildings, trees, water bodies, vehi-
cles, and aircraft. These tasks are inherently diffi-
cult due to heterogeneous scenes, scale variation,
and dense object layouts, and are formulated as
multiple-choice classification problems.

Prior GEOBench-VLM results show that object
counting remains a major failure mode for mono-
lithic VLMs. Both GPT-5-mini and GeoScout-
Agent perform strongly across counting tasks (Fig-
ure 2), with tool augmentation yielding substantial
gains. The effect is most pronounced in dense
scenes: GeoScout-Agent improves building count-
ing by 67.95%, tree counting by 122.78%, and
water body counting by 78.72%. Gains are also ob-
served for general aircraft counting (17.02%) and
general vehicle counting (78.57%). Fine-grained
categories such as specific aircraft and specific ve-
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yard area there are three more vehicles (small vans/trucks) among
the materials. Summing: 2+ 5+ 1 +4 + 1 + 3 = 16 vehicles.
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Figure 3: Failure case of the base GPT-5-mini model on a dense vehicle counting task. Despite generating a
plausible and internally consistent reasoning trace, the model produces an incorrect count due to occlusion, object
adjacency, and limited visual resolution, highlighting the brittleness of single-pass inference without explicit visual

verification.
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Figure 4: Object Density vs. Counting Accuracy.

hicle counting improve by 73.68% and 52.70%,
respectively, although LLaVA-OneVision remains
strongest on specific aircraft counting. Marine de-
bris counting further improves by 28.57%. These
results highlight the effectiveness of segmentation-
assisted counting for cluttered and overlapping ob-
ject categories. All reported improvements denote
percentage increases over the corresponding tool-
free baselines.

Referring Expression Detection: This is a
visual grounding task where the model must lo-
calize objects in aerial/satellite imagery based on
natural language referring expressions. Unlike
multiple-choice QA, the model outputs bound-
ing box coordinates rather than selecting an an-
swer. GPT-5-mini shows lower performance on
this task, whereas Sphinx achieves the highest pre-

Model Prec@0.5 Prec@0.25
Sphinx (Lin et al., 2023) 0.3408 0.5289
EarthDial (Soni et al., 2025) 0.2429 0.4139
GeoChat (Kuckreja et al., 2024) 0.1151 0.2100
Ferret (You et al., 2023) 0.0943 0.2003
Qwen2-VL (Wang et al., 2024b) 0.1518 0.2524
GPT-40 (Hurst et al., 2024) 0.0087 0.0386
LHRS-Nova (Li et al., 2025) 0.0930 0.2423
SkySenseGPT (Luo et al., 2024) 0.1082 0.3224
GPT5-mini (OpenAl, 2025) 0.0491 0.1631
GeoScout-Agent 0.0756 0.2204

Table 2: Referring expression detection results. We
report Precision at IoU thresholds 0.5 and 0.25.

cision at both IoU thresholds (Table 2). Neverthe-
less, GeoScout-Agent consistently improves GPT-
5-mini’s precision, indicating that explicit segmen-
tation and region-level reasoning partially mitigate
localization challenges, even in tasks where overall
performance remains limited.

Temporal Understanding: Temporal reasoning
tasks evaluate changes across time, which are cen-
tral to remote sensing analysis. We evaluate five
temporal tasks: crop classification, damaged build-
ing counting, disaster type classification, farm pond
change detection, and land use classification (See
Table 6 in Appendix B). GeoScout-Agent consis-
tently improves over GPT-5-mini across all tasks,
highlighting the benefit of tool-assisted reasoning
for modeling temporal changes.

Despite these gains, absolute performance re-
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Figure 5: Successful vehicle counting with GeoScout-Agent. The agent incrementally refines its hypothesis through
object discovery, segmentation, and targeted zooming, enabling reliable instance separation in a cluttered scene and
yielding the correct final prediction via iterative visual verification.

mains low for crop classification and farm pond
change detection, indicating persistent challenges
in capturing long-term temporal dependencies.
These results suggest that current VLM-based ap-
proaches are insufficient for complex temporal rea-
soning and motivate future work on stronger tem-
poral modeling mechanisms.

4.2 Accuracy Latency Tradeoff in
Tool-Augmented Geospatial Reasoning

While GeoScout-Agent demonstrates substantial
accuracy gains over single-pass inference, these
improvements come with a measurable increase
in inference latency and computational overhead.
Tool-augmented inference requires iterative per-
ception, state accumulation, and external module
invocation, which collectively extend end-to-end
response time. Empirically, GeoScout-Agent op-

erates at an average latency of 4.30 seconds per
sample, compared to 0.90 seconds per sample for
the tool-free baseline. A complementary trend is
observed in token consumption: tool-augmented
inference uses an average of 1,884 total tokens
per interaction, compared to 779 tokens without
tools, resulting in a 2.42x increase. This growth is
primarily driven by persistent agent state tracking,
intermediate tool outputs, and iterative reasoning
traces. Tool invocation statistics further indicate
that GeoScout-Agent performs a mean of 2.79 tool
calls per sample, highlighting that performance
gains arise from selective, rather than exhaustive,
tool usage.

4.3 Qualitative Case Study

We present a representative qualitative example in-
volving dense vehicle counting in satellite imagery.



As shown in Fig. 3, the tool-free model produces
a coherent explanation but miscounts due to occlu-
sion and tightly packed objects.

In contrast, Fig. 5 illustrates how tool use en-
ables region refinement, instance separation, and
verification through zoomed inspection. GeoScout-
Agent produces the correct count, demonstrating
how multi-step perception and targeted visual anal-
ysis, while utilising appropriate tools, address fail-
ure modes of single-pass inference.

5 Ablation and Diagnostic Analysis

Counting Accuracy as a Function of Object Den-
sity: Figure 4 analyzes counting accuracy across
object density regimes, from sparse scenes (< 5 ob-
jects) to highly dense scenes (> 50 objects). Most
baseline models exhibit sharp performance degra-
dation as density increases, particularly beyond
20 objects, reflecting challenges due to occlusion,
overlap, and instance ambiguity under single-pass
inference. Although GPT-5-mini is more stable
than other baselines, its accuracy still declines in
high-density settings.

In contrast, GeoScout-Agent achieves consis-
tently higher accuracy across all density ranges,
with the largest gains in medium and high-density
regimes. This robustness demonstrates that iter-
ative zooming, instance separation, and verifica-
tion enable reliable counting as scene complexity
increases, directly mitigating a core limitation of
monolithic VLMs.

Single vs. Multi-Temporal Data: Figure 6 com-
pares single- and multi-temporal performance for
crop, disaster, and land use classification. Multi-
temporal inputs reduce accuracy for crop classifica-
tion across most models, including GPT-5-mini, in-
dicating that temporal variability introduces noise
without explicit alignment. In contrast, disaster
classification benefits from pre- and post-event ob-
servations, while land use classification shows con-
sistent gains due to temporal stability. When com-
bined, multi-temporal inputs and GeoScout-Agent
yield compounding improvements for temporally
informative tasks.

Effect of Object Size on Referring Expression
Detection: Figure 7 presents referring expression
detection performance across object sizes. GPT-5-
mini performs poorly across all regimes, revealing
limitations in fine-grained localization. Tool aug-
mentation offers only marginal gains, particularly
for large objects, suggesting that failures primarily
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Figure 6: Single- versus multi-temporal performance
comparison across crop classification, disaster classifi-
cation, and land use classification tasks.

arise from representational and grounding limita-
tions rather than insufficient visual resolution.
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Figure 7: Performance comparison of different models
on Referring Expression Detection across various object
sizes

6 Conclusion

Earth observation requires reasoning systems that
extend beyond passive visual recognition to support
iterative, verifiable analysis of complex geospa-
tial scenes, as many failures on GeoBench-VLM
stem from the limitations of single-pass inference
rather than model capacity alone. We introduce
GeoScout-Agent, a tool-augmented agent built on
GPT-5-mini that enables active perception through
iterative inspection, local refinement, and explicit
verification using segmentation, detection, zoom-
ing, sharpening, and lightweight code execution.
Across GeoBench-VLM tasks, this agentic formu-
lation consistently improves performance, with the
largest gains observed in object counting, scene
understanding, object classification, and tempo-
ral analysis, while fine-grained localization and
referring expression grounding remain challenging.
Overall, our findings demonstrate that explicit tool
use is a principled and effective mechanism for
improving geospatial reasoning over single-pass
VLM inference, while highlighting the need for
future work on stronger temporal modeling and
spatial grounding in Earth observation.



7 Limitations

The proposed framework operates under practical
resource constraints that influence model selection.
We deliberately exclude open-source VLMs that
require enterprise-scale GPUs, as well as high-cost
proprietary frontier models, since the iterative na-
ture of tool-augmented inference incurs substantial
token and compute overhead. Instead, our eval-
uation emphasizes cost-efficient reasoning archi-
tectures that better reflect realistic deployment set-
tings. While this choice improves accessibility and
reproducibility, it may limit absolute performance
ceilings relative to more resource-intensive alterna-
tives. Additionally, due to computational budget
constraints, all experiments are conducted using a
single evaluation run per configuration. We do not
perform repeated runs or extensive ablation stud-
ies isolating individual tools. Consequently, our
analysis focuses on comparative trends rather than
variability across runs.

8 Future Work

Future work could extend evaluations beyond fi-
nal answer correctness to assess the quality of
intermediate reasoning steps. Leveraging recent
agentic benchmarks, such as ThinkGeo(Shabbir
et al., 2025), GTA(Wang et al., 2024a), and
GAIA(Mialon et al., 2023), to measure fine-grained
metrics like tool selection accuracy and argument
formatting, allowing for a more precise diagnosis
of planning versus perception failures. Further-
more, future research should also strengthen tem-
poral modeling for dynamic scenes and improve
fine-grained spatial grounding through multi-scale
or native-resolution architectures to better handle
small objects and dense regions.
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Appendix

A Baseline Performance of Individual
Tools

To analyze the contribution of individual tools,
we report baselines with GeoScout-Agent’s
tools enabled in isolation. We evaluate vision-
only, segmentation-only, and code-execution
settings, each without coordinated tool use or
multi-step reasoning. These baselines reveal
the limitations of single-module approaches
and show that performance gains in the main
results stem from integrating complementary
tools rather than any individual component.

A.1 DINOv3 Baseline

DINOv3 provides unsupervised, class-
agnostic object detection by leveraging
self-supervised vision transformer representa-
tions. The module extracts dense patch-level
features from a DINOv3 checkpoint pretrained
on satellite imagery (DINOv3-ViT-L/16,
493M parameters’).

Images are resized so that the shortest edge
is 518 pixels before passing through the back-
bone, and the resulting patch tokens are re-
shaped into a spatial grid of feature vectors
(patch size of 14 x 14 pixels per patch). We
perform unsupervised region discovery by Lo-
normalizing these patch features and cluster-
ing them with K-means (fixed K = 4 clusters).
The background cluster is identified heuris-
tically as the cluster containing the largest
number of patches, under the assumption that
background regions dominate the image spa-
tially. The remaining K — 1 clusters are treated
as candidate object regions, we generate bi-
nary masks, upsample them to the original im-
age resolution, extract contours, and compute
bounding rectangles.

For referring expression detection, evalua-
tion is performed using standard intersection-
over-union (IoU) based metrics. The detector
produces multiple candidate bounding boxes
per image. For each ground-truth box, IoU is
computed against all predicted boxes, and the
maximum IoU is retained as the score for that
ground truth. Mean IoU is then reported as the
average of these per-ground-truth maximum
IoUs. Using this protocol, the DINOv3-based
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baseline achieves a mean IoU of 8.5%. Table 3
reports the DINOv3-based baseline precision
at different IoU thresholds for referring expres-
sion detection. Representative failure cases are
shown in Fig 9, highlighting the limitations
of unsupervised clustering-based detection on
fine-grained localization tasks.

Metric Prec@0.25 Prec@0.50 Prec@0.75

Precision (%) 9.62 4.37 0.15

Table 3: DINOv3 baseline performance on referring
expression detection.

A.2 SAM3 Baseline

SAM3? is a foundation segmentation model
that produces high-quality, zero-shot object
masks across diverse visual domains without
task-specific training.

To compute the SAM3 baseline, we apply
SAM3 to all counting tasks in the single MCQ
subset. For each task, the object category is
extracted from the question prompt and pro-
vided as text input to SAM3 (e.g., “How many
pickup trucks are there in the image?” —
pickup trucks). SAM3 produces segmentation
masks for the queried category, and the total
number of segmented instances is taken as the
predicted count. For multiple-choice evalua-
tion, the option closest to this predicted count
is selected; if two options are equally distant,
one is chosen at random. The resulting per-
task and overall performance is summarized in
Table 4. Fig 8 presents representative failure
cases of the SAM3 baseline across different
scenes. These cases illustrate the limitations
of single-step segmentation when applied to
dense or visually ambiguous remote-sensing
imagery.

A.3 Code Execution Tool Baseline

For the code-execution baseline, GPT-5-mini
is prompted to generate deterministic Python
code for each of the eight counting tasks:
Building, General Aircraft, General Vehicle,
Marine Debris, Specific Aircraft Type, Spe-
cific Vehicle Type, Trees, and Water Bodies.
The prompt template instructs the model to
"https://huggingface.co/facebook/

DINOv3-vitli6-pretrain-sat493m
2https://huggingface.co/facebook/sam3


https://huggingface.co/facebook/DINOv3-vitl16-pretrain-sat493m
https://huggingface.co/facebook/DINOv3-vitl16-pretrain-sat493m
https://huggingface.co/facebook/sam3

Input Image: SAM3 Segmentation:

Input Image:

Multiple adjacent trees are incorrectly merged into a
single segmented instance.
Predicted: 4, Ground Truth: 22

The aircraft shadow is falsely segmented as a separate
object.
Predicted: 5, Ground Truth: 4

Irrelevant bounding boxes are incorrectly segmented and
classified as vehicles.
Predicted: 12, Ground Truth: 8

Figure 8: Representative failure cases of the SAM3 baseline on Counting Tasks, illustrating merged instances,
shadow-induced false positives, and spurious object segmentation.

GT Bounding Box:

loU: 0.0616

loU: 0.0078

Best DINOv3 Prediction:

GT Bounding Box: Best DINOv3 Prediction:

loU: 0.0572

Figure 9: DINOV3 Failure Cases on GEO-bench Ref-Det. Representative low-scoring examples from unsupervised
object detection using DINOv3 feature clustering. Green boxes indicate ground truth annotations. DINOv3 produces
multiple candidate bounding boxes per image; for clarity, only the predicted box with the highest IoU to the ground
truth (i.e., the best-matched prediction) is shown in red. Despite selecting the best match, the low IoU scores
(0.0078-0.0616) demonstrate the model’s difficulty with small object localization and fine-grained spatial reasoning

in remote sensing imagery.

Task Correct Total Accuracy (%) Task Correct Total Accuracy (%)
Building Counting 44 170 25.88 Building Counting 13 170 7.65
General Aircraft Counting 55 100 55.00 General Aircraft Counting 6 100 6.00
General Vehicle Counting 81 150 54.00 General Vehicle Counting 16 150 10.67
Marine Debris Counting 17 100 17.00 Marine Debris Counting 21 100 21.00
Specific Aircraft Type Counting 38 140 27.14 Specific Aircraft Type Counting 5 140 3.57
Specific Vehicle Type Counting 23 224 10.27 Specific Vehicle Type Counting 11 224 491
Trees Counting 8 85 9.41 Trees Counting 4 85 4.71
Water Bodies Counting 43 85 50.59 Water Bodies Counting 8 85 9.41
Overall 309 1054 29.32 Overall 84 1054 7.97

Table 4: SAM3 baseline performance on counting tasks.

write code that processes a PIL Image object
and returns an integer count. If the generated
code raises an exception during execution, the
model is re-prompted with the error traceback
appended to the original prompt. Each count-
ing task is evaluated independently using a
task-specific prompt. The generated code is
executed in a constrained environment, and
the predicted integer is mapped to a multiple-
choice answer by selecting the closest option;
if two options are equidistant, one is chosen at
random. Table 5 reports task-wise results for
the code-execution baseline.

Prompting Details
All code-execution prompts follow the same
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Table 5: Code execution baseline performance on count-
ing tasks.

structure, differing only in the target object
category and task-specific query examples:

Code Execution Prompt Template (Tool
Baseline)

You are an expert computer vision engineer.

Task: Given an input image containing {OB-
JECT}, write Python code that counts the
total number of {OBJECT} present in the
image.

The code should be able to answer ques-
tions like: { TASK-SPECIFIC QUERY VARI-
ANTS}

Constraints:



Model Crop Damaged Disaster Farm Land
ode Cls  Bldg Cnt Cls PondCD UseCls

EarthDial (Soni et al., 2025) 0.2182 0.4362 0.5727 0.2105 0.6623

GPT-40 (Hurst et al., 2024) 0.1818 0.5667 0.6300 0.1711 0.6525

LLaVA-OneVision (Li et al., 2024)  0.1455
Qwen2-VL (Wang et al., 2024b) 0.1091

0.4810 0.4537 0.1842 0.5869
0.5000 0.5991 0.1974 0.5967

GPT5-mini (OpenAl, 2025) 0.0909
GeoScout-Agent 0.1636

0.3095 0.5991 0.1600 0.7180
0.4459 0.6388 0.2500 0.7705

Table 6: Performance of vision-language models on temporal geospatial tasks. Evaluation covers crop classification,
damaged building counting, disaster type classification, farm pond change detection (CD), and land use classification.
Results show that GeoScout-Agent consistently improves GPT-5-mini across all temporal tasks.

- The image is already loaded as a PIL Image
object named ‘image’.

- You may use: PIL, NumPy, OpenCV and
other standard Python libraries.

- The function must be deterministic.

- The output must be a single integer repre-
senting the number of buildings/structures in
the image.

Output requirements of code:

- Return ONLY the integer count.

- No print statements.

- No explanations.

- No comments outside the code.

- Output only valid Python code.

In this template, OBJECT denotes the tar-
get object category specific to each count-
ing task (e.g., trees, water bodies, vehicles),
and TASK-SPECIFIC-QUERY-VARIANTS com-
prises all unique question formulations from
the single-answer subset that pertain to the
given task, providing the model with represen-
tative examples of expected queries.

B Additional Temporal Results

Table 6 showcases additional results on the
temporal geospatial tasks referenced in the
main text.

C Hyperparameters Settings and
Implementation Details

All experiments were conducted on a single
NVIDIA A6000 GPU. The hyperparameters
listed in Table 7 are fixed and shared across all
tasks.
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Component Parameter Value
Language Model Model gpt-5-mini
Language Model Temperature 0.3
SAM3 Segmentation Threshold 0.5
DINOvV3 Detection Feature dim 518
DINOV3 Detection Patch size 14
DINOV3 Detection #Clusters 4
DINOvV3 Detection Box threshold 0.02
DINOv3 Detection Random state 42
Image Tools Sharpen intensity Default 2.0
Image Tools Sharpen radius Default 2
Image Tools Sharpen threshold Default 3
Image Tools Zoom factor Default 2.0
Image Tools Output size 448

Table 7: Hyperparameters used across all experiments.

D Image Processing Tools

All image operations are implemented using
the Pillow library.?

D.1 Image Sharpening Tool

The sharpening tool applies an unsharp mask
filter to enhance blurred or low-quality images,
revealing fine details such as text or object
boundaries. The intensity parameter controls
sharpening strength, where higher values pro-
duce more pronounced edge enhancement.

def sharpen_image_tool (image_path: str,
intensity: float = 2.0) -> str:
img = Image.open(image_path)

sharpened_img = img.filter

(ImageFilter.UnsharpMask(
radius=2,
percent=int(intensity * 100),
threshold=3

))

3https://pillow.readthedocs.io


https://pillow.readthedocs.io

output_path =
f"{base}_sharpened_{intensity}{ext}"

sharpened_img.save(output_path)
return output_path

D.2 Image Zoom Tool

The zoom tool extracts and magnifies a region
of interest specified by normalized coordinates
(x,y) € [0,1]%, where (0.5,0.5) represents the
image center. The cropped region is resized to
448 x 448 pixels using Lanczos interpolation.

def zoom_image_tool(image_path: str,
x: float, y: float, zoom_factor: float
= 2.0) -> str:
img = Image.open(image_path)
w, h = img.size

# Convert normalized coordinates to

pixels

center_x = int(x * w) if x <= 1.0 else
int(x)

center_y = int(y x h) if y <= 1.0 else
int(y)

# Calculate crop dimensions
crop_w = max(1, int(w / zoom_factor))
crop_h = max(1, int(h / zoom_factor))

# Define crop box
left = max(@, center_x - crop_w // 2)
top = max(@, center_y - crop_h // 2)
right = min(w, left + crop_w)
bottom = min(h, top + crop_h)

# Crop and resize

cropped = img.crop((left, top,
right, bottom))

zoomed_img = cropped.resize( (448,
448), Image.LANCZOS)

output_path = f"
{base}_zoomed_{zoom_factor}

x_{x}_{yHext}"
zoomed_img. save(output_path)
return output_path

E Prompt Templates

We provide the complete prompt templates
used in our evaluation framework. All prompts
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were designed to elicit structured reasoning
and consistent answer formatting across exper-
imental conditions.

E.1 Baseline System Prompt

The following system prompt defines the tool-
augmented VQA agent’s capabilities and in-
structions for multi-turn reasoning.

Single MCQ Task

You are an expert Visual Question Answering
assistant. Analyze images carefully and pro-
vide accurate answers based on what you can
see.

Question:
{options_text}
Please analyze the provided image carefully.
Follow these steps:

1. First, explain your reasoning about what
you observe in the image

2. Then, select the best option from the list
above

3. Format your response as: Reason: [Your
detailed analysis and reasoning] Answer:
[Single letter A, B, C, D, or E]

You are an expert image captioning assistant
specializing in aerial and satellite imagery
analysis. Task: {prompt} Analyze the pro-
vided image and generate a detailed caption.
Focus on:

- Main objects and structures visible

- Spatial relationships between elements

- Colors, sizes, and notable features

- Overall scene context and setting

Provide a comprehensive caption that cap-
tures all important details visible in the im-
age.

Referring Expression Detection Task

You are an expert at detecting and localizing
objects in satellite/aerial images. Given a
referring expression, output the bounding box
coordinates of the described object(s).
Output ONLY coordinates in [[x1, y1, X2,
y2], ...] format.

Referring Expression: {prompt_text}
Image size: {image_size} x {image_size}
pixels

{question} Options:



IMPORTANT: The number at the begin-
ning of the referring expression indicates
EXACTLY how many objects to detect.
In this case, you must output EXACTLY
{num_objects} bounding box(es).

Locate the object(s) described by the refer-
ring expression in the image.

Output ONLY the bounding box coordinates
in this exact format: [[x1, y1, x2, y2]]
Where x1,y1 is top-left corner and x2,y?2 is
bottom-right corner.

For multiple objects, use: [[x1, y1, x2, y2],
[x1,yl, x2,y2], ...]

Coordinates must be integers in pixel val-
ues (0 to {image_size}). Output EXACTLY
{num_objects} box(es), nothing more, noth-
ing less.

Temporal Task

You are an expert Visual Question Answer-
ing assistant specializing in analyzing tempo-
ral changes in satellite/aerial imagery. Ana-
lyze images carefully and provide accurate
answers based on what you can see.

You are provided with {num_images} im-
ages showing temporal changes.
Question:{question}
{options_text}

Please analyze the provided images carefully,
comparing the temporal changes. Follow
these steps:

1. First, explain your reasoning about what
you observe across the images

2. Then, select the best option from the list
above

3. Format your response as: Reason: [Your
detailed analysis and reasoning] Answer:
[Single letter A, B, C, D, or E]

Options:

E.2 Agent System Prompt

The following system prompt defines the tool-
augmented VQA agent’s capabilities and in-
structions for multi-turn reasoning.

Main System Prompt (Agent with Tools)

You are an expert Visual Question Answering
(VQA) assistant with access to powerful im-
age analysis and web search tools. Your goal
is to provide accurate answers to questions
about images.
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**AVAILABLE TOOLS AND HOW TO
USE THEM:**

1. **sharpen_image_tool(image_path: str,
intensity: float = 2.0) -> str**

- Purpose: Enhance blurred or low-quality
images to reveal fine details

- Input: image_path (file path), intensity (1.0-
3.0, higher = more sharpening)

- Output: Path to the sharpened image

- When to use: Image is blurry, text is hard to
read, or fine details are unclear

- Performance: Improves clarity of edges, text,
and small features

2. **zoom_image_tool(image_path: str, x:
float, y: float, zoom_factor: float = 2.0) ->
str

- Purpose: Magnify a specific region of an
image for detailed inspection

- Input: image_path, x/y coordinates (0.0-1.0
as ratio of width/height), zoom_factor

- Output: Path to the zoomed/cropped image
- When to use: Need to examine small objects,
read distant text, or analyze a specific area

- Performance: Helps identify small objects,
count items in dense areas, read fine text
3. “**execut_code_tool(image_path:
code_string: str) -> str**

- Purpose: Run ANY Python code to analyze
OR manipulate images

- Input: image_path, Python code (variable
’image’ is PIL Image object, output to ’re-
sult’)

- Output: Path to the transformed/manipulated
image

- When to use:

* ANALYSIS: Extract features, count pixels,
measure properties, detect patterns

* MANIPULATION: Adjust brightness/con-
trast, apply filters, rotate, crop, color adjust-
ments

- Performance: Extremely flexible - can do
anything Python/PIL/OpenCV supports

- IMPORTANT: If you manipulate an image,
the output path can be used in subsequent tool
calls!

- Examples:

* Analysis: "import numpy as np; hist =
np.histogram(np.array(image)); result = im-

n

age

str,



*  Manipulation: "from PIL import
ImageEnhance; result ImageEn-
hance.Contrast(image).enhance(2.0)"

* Custom filter: "result image.filter
(ImageFilter. EDGE_ENHANCE_MORE)"
4. **sam3(image_path: str, prompt: str) ->
st

- Purpose: Segment and highlight specific
objects using text descriptions

- Input: image_path, prompt (object descrip-
tion like "cars", "buildings", "trees")

- Output: Path to image with colored segmen-
tation masks overlaid

- When to use: Count objects, identify object
locations, analyze object distribution

- Performance: Excellent for object counting,
spatial analysis, and object identification

5. **DINOv3(image_path: str) -> str**

- Purpose: Automatically detect and box
salient objects without labels

- Input: image_path

- Output: Path to image with bounding boxes
around detected objects

- When to use: Discover unknown objects,
find regions of interest, unsupervised object
detection

- Performance: Good for finding distinct re-
gions, objects, or structures without prior
knowledge

**IMPORTANT INSTRUCTIONS:**

- ALWAYS analyze the question first to deter-
mine which tools might help

- Use tools EFFICIENTLY - you have a max-
imum of 3 tool calls, so choose wisely

- You can use MULTIPLE tools in sequence
(e.g., sharpen — zoom — sam3), but be strate-
gic

- For counting tasks, use sam3 or DINOv3

- For reading small text, use
sharpen_image_tool or zoom_image_tool

- The conversation history shows all previous
tool outputs - use them for your final answer
- After using tools, you MUST provide a clear,
concise text answer based on ALL informa-
tion gathered - If the image alone is sufficient,
you may answer directly without tools
**MULTI-TURN STRATEGY:**

- First turn: Use necessary tools to gather
information
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- Subsequent turns: Analyze tool outputs and
refine if needed

- Final turn: YOU MUST provide a TEXT
response with your definitive answer
**CRITICAL: After using tools, you MUST
provide a final text answer. Do not end the
conversation with just tool calls - always con-
clude with your reasoning and answer in text
format.**

Your responses should be accurate, well-
reasoned, and based on the evidence from
the image and tool outputs.

Referring Expression Detection: Agent

System Prompt

You are an expert Visual Question Answering
(VQA) assistant specialized in detecting and
localizing objects in satellite/aerial images
based on referring expressions.

**YOUR TASK:**

Given an image and a referring expression
(e.g., "1 baseball-diamond at the bottom"),
you must identify and output the bounding
box coordinates of the described object(s).
**OUTPUT FORMAT - CRITICAL:**

You MUST output your answer as bounding
box coordinates in the following JSON for-
mat: [[x1, y1, x2, y2], [x1, y1, x2, y2], ...]
Where:

- x1, y1 = top-left corner coordinates

- X2, y2 = bottom-right corner coordinates

- Multiple boxes are separated by commas
within the outer list

- Coordinates are in pixels (integer values)
**EXAMPLE OUTPUTS:**

- Single object: [[420, 556, 891, 1021]]

- Two objects: [[420, 556, 891, 1021], [100,
200, 300, 4001]

**AVAILABLE TOOLS AND WHEN TO
USE THEM:**

1. **sharpen_image_tool** - Enhance blurry
images to see details better

2. **zoom_image_tool** - Magnify specific
regions for detailed inspection

3. **execute_code_tool** - Run custom
Python code for image analysis

4. **sam3** - Segment objects using text
prompts (useful for finding object bound-
aries)



5. **DINOv3** - Detect salient objects auto-
matically (useful for discovering object loca-
tions)

**IMPORTANT INSTRUCTIONS:** - An-
alyze the image carefully to locate the de-
scribed object(s)

- Pay attention to spatial references (top, bot-
tom, left, right, center)

- Count the number of objects mentioned in
the expression

- Provide coordinates that tightly bound the
described object(s)

- Use tools if needed to better identify object
locations

- Your final answer MUST be in the JSON
bounding box format specified above

- Do NOT include any other text in your final
answer - ONLY the coordinate list
**CRITICAL: Your final response must be
ONLY the bounding box coordinates in the
format [[x1, y1, x2, y2], ...]. No explanations,
no reasoning - just the coordinates.**

The temporal and captioning tasks share
the same agent system prompt as the primary
agent, with no task-specific modifications.

E.3 Agent Query Format

The agent prompt additionally includes the im-
age file path for tool invocation and encourages
strategic tool use.

Single MCQ Task

Image file path: {img_path}
Question: {question}
options_text

Analyze the provided image and answer the
question by selecting the best option from the
list above.

Consider using your available tools if they
can help improve accuracy.

IMPORTANT: When calling tools, use the ex-
act image path provided above: {img_path}
After gathering information (with or without
tools), provide your final response in this for-
mat:

Reason: [Your detailed analysis and reason-
ing based on the image and any tool outputs]
Answer: [Single letter A, B, C, D, or E]

Options:
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Captioning Task

Image file path: {image_path}

Task: {prompt}

Analyze the provided image and generate a
detailed caption. You may use your available
tools to:

- Segment specific objects (sam3) to identify
and count elements

- Detect objects automatically (DINOv3) to
find structures

- Zoom into specific areas for detail

- Sharpen the image if needed
IMPORTANT: When calling tools, use the
exact image path: {image_path}

After analyzing the image (with or without
tools), provide your final caption that de-
scribes:

- Main objects and structures visible

- Spatial relationships between elements

- Notable features, colors, and sizes

- Overall scene context

Referring Expression Detection Task

Image file path: {image_path}

Image size: {image_size} x {image_size}
pixels

Referring Expression: {prompt_text}
IMPORTANT: The number at the beginning
of the referring expression indicates EX-
ACTLY how many objects to detect.

In this case, you must output EXACTLY
{num_objects} bounding box(es).

Locate the object(s) described by the refer-
ring expression.

You may use available tools (sam3, DINOV3,
zoom, etc.) to help identify the object loca-
tion. IMPORTANT: When calling tools, use
the exact image path: {image_path}

After analysis, output ONLY the bounding
box coordinates in this exact format:
[[x1,y1, x2, y2]]

Where x1,y1 is top-left corner and x2,y?2 is
bottom-right corner.

For multiple objects: [[x1, y1, x2, y2], [x1,
yl, x2,y2], ...]

Coordinates must be integers in pixel val-
ues (0 to {image_size}). Output EXACTLY
{num_objects} box(es), nothing more, noth-
ing less.



Temporal Task

You are provided with {num_images} im-
ages showing temporal changes. Image file
paths:

{image_paths_str}

Question: {question} Options:
{options_text}

Analyze the provided images (comparing tem-
poral changes) and answer the question by
selecting the best option from the list above.
Consider using your available tools if they
can help improve accuracy.

IMPORTANT: When calling tools, use the
exact image paths provided above.

After gathering information (with or without
tools), provide your final response in this for-
mat:

Reason: [Your detailed analysis and reason-
ing based on the images and any tool outputs]
Answer: [Single letter A, B, C, D, or E]

E.4 Agent Loop Termination Prompt

When the tool-call budget is exhausted, forc-
ing reminders are applied to guarantee answer
generation; no reminder is needed for caption-
ing, and the temporal task follows the same
reminder as the single-step MCQ task.

Single MCQ Task

You have gathered sufficient information
from tools. Now provide your final answer as
ONLY a single letter (A, B, C, D, or E). Do
NOT call any more tools.

Referring Expression Detection Task

You have gathered sufficient information
from tools. Now provide your final answer
as ONLY the bounding box coordinates in
the format [[x1, y1, x2, y2], ...]. Do NOT
call any more tools. Do NOT include any
explanations.
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F GeoBench-VLM Dataset Examples

We present illustrative examples from the GeoBench-VLM dataset (Fig 10). These samples
highlight the diverse range of remote sensing tasks, categorized into Scene Understanding,
Object Classification, Localization & Counting, Event Detection, Caption Generation, Temporal
Understanding and Referring Expression Detection.

Scene Understanding

Crop Type Classification:

Identify the crop visible in this
agricultural parcel.

A. Winter triticale

B. Grapevine

C. Void label

D. Mixed cereal

E. Winter barley

Object Classification

Aircraft Type Classification:

¢ Which category best describes the
aircraft in this image?

A. Military Transport/Utility/ AWAC

B. Large Civil Transport/Utility

2 C. Military Fighter/Interceptor/Attack

D. Small Civil Transport/Utilty

E. Medium Civil Transport/Utility

Object Localization and Counting

Building Counting:
¥4 How many tin-shade structures

) can you identify in this image?

A.30

B.49

C.58

§ D.68

Marine Debris Counting:

How many pieces of marine debris
are visible in this image?

A6

B.2

C.3

D.4

El5

Event Detection

Disaster Type Classification:

,) s What was the primary trigger for
this landslide?

A. Soil Erosion

B. Human Activities

C. Snow and Glacier Melting

D. Precipitation-Related Events

E. Seismic Activity

Disaster Type Classification:

for this landslide?

A. Soil Erosion

B. Human Activities

C. Snow and Glacier Melting
D. Precipitation-Related Events
E. Seismic Activity

Pre Disaster

Post Disaster

What was the primary trigger

Land Use Classification:

2. 1 What is the primary type of scene
s depicted in this aerial image?

A. Park

* B. Forest

C. Church

D. Airport

E. Stadium

Ship Type Classification:

What type of ship is visible in this
image??

A. Medical ship

B. Zumwalt-class destroyer

C. Tank ship

D. INS Vikramaditya aircraft carrier

E. San Giorgio-class transport dock

General Vehicle Counting:

How many vehicles can you see in
this image?

A12

B.16

c.14

D.19

E9

Tree Health Assessment:
¢ P8 How many trees with slight
' damage can you identify?
#4 A.38
2 B.45
A c.23

- :;‘D.:ﬂ
e oS4 E.S3

Fire Risk Assessment:

What is the level of fire risk
¥y depicted in this image?

A. Moderate

B. Very low

C. Low

D. Very high

E. High

Land Use Classification:

@ i

Scene Classification:

Which element or area best
characterizes the scene in this image?
A. Runway

® B. Basketball court

C. Harbor

D. Oil and gas field

E. Airplane

Referring Expression Detection

Referring Expression:
1 baseball-diamond at the
bottom

General Aircraft Counting:

How many flying vehicles are
visible in the scene?

AT

B.3

C.6
D.4
E.5

Spatial Relation Classification:

", "@F 77 How is object in green box positioned
or related to object in red box in the
scene?

A.Aroundabout s beside the soccer-ball-field.
B. Abridge connects to the harbor.

C. Aship is positioned next to the harbor.

D. Aroundabout leads to the a airport.

E. Atugboat is aligned with the harbor.

Caption Generation

3 Describe the image scene in detail,
emphasizing the objects present,
their interactions, and their

: “5 positions within the frame.
2]

What is the primary type of facility or structure present across

the sequence of images?

A. Tower B. Toll booth C. Solar farm D. Wind farm E. Park

Figure 10: Qualitative examples from the GeoBench-VLM benchmark.
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G Additional Qualitative Case Studies

Base LLM:
@ OpenAl GPT-5-mini

Q. Identify and count the trees showing
light damage in the given image.

| scanned the image visually and focused on tree crowns that

show lighter brown/tan discoloration and sparse foliage (signs of

light damage) rather than the fuller green crowns. To keep the

count consistent | divided the image into four quadrants and tallied OUTPUT: B Q
damaged crowns in each quadrant: top-left ~18, top-right ~22,

bottom-left ~20, bottom-right ~21. Summing these quadrant
estimates gives about 81 trees showing light damage.",
Answer: B

GROUND TRUTH: E

Q. Identify and count the trees showing light damage in the given image.

Options:
A.141 B.81 C.61 D.121 E.101

GeoScout-Agent:

Thought 1

The task involves counting
trees with early-stage
damage from a complex
canopy scene.

Visual inspection alone is
unreliable due to crowding
and weak contrast
between classes.

I will first surface a coarse
damage signal ...

Thought 2

The resulting pattern
shows meaningful
clusters but also edge
effects near exposed
ground.

These areas could inflate
counts if not verified.

| will zoom into the corner
of the image to check...

Q. Identify and count the trees

Tool 1 Tool 2

showing light damage in the given Code

image. . Zoom Tool
e Execution Tool Q

Options:

A.141 B.81 C.61 D.121 E.101

Thought 4

The central zoom confirms
that crowns marked as

Thought 3

The corner region
supports the initial

lightly damaged exhibit classification, but
consistent visual signals, ambiguity persists in the
including mild densest zone.

1. To avoid under- or
over-counting, | will
zoom into the central
canopy cluster and...

discoloration and reduced
canopy density.
Aggregating detections
across regions...

Tool 3
OUTPUT: E

9

Zoom Tool

Figure 11: Qualitative case study on tree health assessment. GeoScout-Agent iteratively refines visual evidence
through localized inspection, enabling more reliable discrimination of vegetation condition in the presence of clutter,
shadows, and resolution variability.
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Q. How many small civil transport or
utility aircraft can you identify in this
image?

Q. How many small civil transport or utility aircraft can you identify in this image?

Options:
A.5 B.9 C.8 D.7 E11

GeoScout-Agent:

Q. How many small civil transport
or utility aircraft can you identify in
this image?

Options:
A.5 B.9 C.8 D.7 E.11

Thought 4

The secondary zoom
confirms additional small
utility aircraft with consistent
silhouettes and spacing,
distinct from buildings and
ground objects. Across all
zoomed regions, each aircraft
is individually distinguishable,
with no evidence of

duplicate counting or false...

OUTPUT:C

9

Figure 12: Qualitative case study on specific aircraft type counting. GeoScout-Agent resolves dense layouts and
visually similar instances through multi-step object discovery, targeted zooming, and verification, illustrating how

Base LLM:
@ OpenAl GPT-5-mini

| scanned the apron and hangar area and counted distinct aircraft
shapes (fuselage + wings). There are three small planes lined up

along the top-right grass, three aircraft clustered on the main
apron (the red-nosed plane plus two twin-props), two more parked

OUTPUT: B @

beside the right-hand hangar, and one additional small plane near

the bottom-center of the apron, totaling 9 planes.

Answer: B

Thought 1

The task is to identify and
count small civil transport or
utility aircraft in a satellite
image. Direct visual counting
is unreliable due to low
resolution and visual clutter
from buildings and ground
equipment. | will start with a
coarse object discovery pass

to surface aircraft-like shape..

Tool 1

00 DinoV3 Tool

GROUND TRUTH: C

Thought 2

The initial detections
highlight multiple aircraft
candidates, but some
regions are dense and
partially occluded by
nearby structures.

There is a risk of missing
closely parked aircraft or
confusing shadows ...

Tool 2

Zoom Tool

Thought 3

The zoomed view reveals
multiple small aircraft
aligned in parking-like
formations, with clear wing
and fuselage outlines.
However, another region
appears visually darker and
less structured, which may
contain additional aircraft not
clearly separated...

Tool 3

Zoom Tool

tool-assisted reasoning improves fine-grained counting accuracy.
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Q. Classify the aircraft shown in the
given image.

Base LLM:
@ OpenAl GPT-5-mini

The image shows commercial airliners parked at terminal gates

with multiple ground service vehicles and at least two jet bridges

serving each aircraft. The fuselages appear relatively wide

compared with the jet bridges and service vehicles, and the aircraft

have large wingspans and underwing engines typical of long-haul OUTPUT: E @
widebody airliners rather than small or trainer aircraft. Presence of

two boarding connections on a single aircraft is a strong indicator GROUND TRUTH: D
of a large civil transport (widebody) used for major passenger

routes.

Answer: E

Q. Classify the aircraft shown in the given image.

Options:
A. Military Transport/Utility/ AWAC  B. Small Civil Transport/Utility ~ C. Military Trainer
D. Medium Civil Transport/Utility  E. Large Civil Transport/Utility

GeoScout-Agent:

The task is to determine the
vehicle category visible in a
satellite image. At the
current scale, multiple large
vehicles are present, but
fine-grained features
needed for classification
(size, wing span, fuselage
shape) are unclear. | will

The zoomed view reveals
a large fixed-wing aircraft
with a long fuselage and
wide wingspan. However,
it is still unclear whether
the aircraft corresponds to
a medium or large civil
transport class. | will zoom

zoom into the primary... further ...
Q. CI?ssif}/ the aircraft shown in Tool 1 Tool 2
the given image.
Options: O‘ Zoom Tool O~ Zoom Tool

A. Military Transport/Utility/AWAC
B. Small Civil Transport/Utility C.
Military Trainer D. Medium Civil
Transport/Utility E. Large Civil
Transport/Utility Thought 3

The closer view shows
multiple underwing
engines, extended wings,
and a fuselage length
significantly larger than
surrounding ground
vehicles and equipment.
These features are
inconsistent with small or...

Thought 4

While the aircraft exhibits
multiple engines and a
substantial wingspan,
relative scale cues and
apron context suggest it
aligns more closely with
medium civil transport
rather than the largest
commercial airliners...

Tool 3

2 O Zoom Tool
ourrut:o @ (S

Figure 13: Qualitative case study on aircraft type classification. GeoScout-Agent leverages iterative visual refinement
to isolate discriminative structural features, reducing ambiguity between closely related aircraft categories that
commonly confound single-pass inference.
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Base LLM:
@ OpenAl GPT-5-mini

Q. What class of naval or transport
vessel is depicted in the given image?

The image clearly shows a large STOBAR aircraft carrier 2014 a
long flight deck with a prominent bow ski-jump and an island
superstructure set to starboard. This rules out a destroyer or cargo
ship. Of the carrier options, the ski-jump and overall deck layout
are characteristic of the Russian Kuznetsov-style carriers rather
than the smaller Italian Garibaldi or the Indian Vikramaditya.
Answer: A

OUTPUT: A Q

GROUND TRUTH: E

Q. What class of naval or transport vessel is depicted in the given image?

Options:
A. Kuznetsov-class aircraft carrier B. Garibaldi aircraft carrier  C. Arleigh Burke-class destroyer
D. Cargo ship E. INS Vikramaditya aircraft carrier

GeoScout-Agent:

Thought 1

The task is to identify the
class of a naval or transport
vessel from satellite imagery.
At the current resolution,
the vessel's overall shape is
visible, but key identifying
features such as deck layout
and launch configuration are
unclear. | will zoom into the
bow and deck area to ...

Thought 2

The zoomed view reveals a
full-length flight deck with a
ski-jump configuration at the
bow, indicating an aircraft
carrier rather than a cargo
vessel. However, multiple
aircraft carriers share
similar deck features. To
differentiate between
classes, | will zoom ...

Q. What class of naval or Tool 1 Tool 2

q Zoom Tool

transport vessel is depicted in the
given image?

Q Zoom Tool

Options:

A. Kuznetsov-class aircraft carrier
B. Garibaldi aircraft carrier C.
Arleigh Burke-class destroyer D.
Cargo ship E. INS Vikramaditya
aircraft carrier

Thought 3

The closer inspection shows

Thought 4

After sharpening, the deck
layout, ski-jump geometry,
and island structure are
clearly visible and match the
known profile of the INS
Vikramaditya. The
proportions and markings
are inconsistent with
Kuznetsov-class and
Garibaldi-class carriers...

outrut:e &

a wide deck with a ski-jump
profile consistent with
STOBAR configuration. The
image quality still limits
visibility of finer structural
details needed to distinguish
between similar carrier
classes. | will apply
sharpening to ...

Tool

Sharpen
Image Tool

Figure 14: Qualitative case study on Ship Type Classification. GeoScout-Agent applies iterative zooming and
sharpening to resolve fine-grained deck and superstructure cues, disambiguating closely related aircraft carrier
classes that mislead single-pass LLM inference.

23



Base LLM:

Q. What natural event or condition
@ OpenAl GPT-5-mini

triggered the landslide in this area?

The image shows large areas of bare, disturbed earth with clear
linear scars, winding access roads and benches that look like
excavation or earth-moving work rather than natural scarping.
Vegetation has been removed in regular patches and there are
nearby settlements and terraces, indicating human land use and
infrastructure activity. There no visible snow or glacial features,
and the pattern of disturbance (straight edges, vehicle tracks,
cleared areas) points to anthropogenic destabilization

Q. What natural event or condition (road/cuttings, mining or deforestation) triggering slope failure
triggered the landslide in this rather than a purely rainfall or seismic signature.

area? Answer: B

Options:

A. Soil Erosion B. Human

Activities C. Snow and Glacier

Melting D. Precipitation-Related

Events E. Seismic Activity

OUTPUT: B 8

GROUND TRUTH: D

GeoScout-Agent:

Thought 1

The task is to identify the
dominant environmental
phenomenon visible in the
satellite image. At the
current scale, the scene
shows large exposed land
patches, winding paths, and
disturbed terrain, but the
underlying cause is unclear.
| will zoom into the central...

Thought 2

The zoomed view reveals
smooth, channel-like
formations and fan-shaped
deposits extending downslope.
The patterns appear
consistent with surface runoff
rather than mechanical
clearing, and lack sharp
boundaries typical of
construction activity.

| will zoom into an adjacent...

Q. What natural event or condition Tool 1 Tool 2

triggered the landslide in this

area? 'S Zoom Tool O Zoom Tool
Options:

A. Soil Erosion B. Human
Activities C. Snow and Glacier
I\EAeltlng D. Prgcn;fltallo.n .Related Thought 3
vents E. Seismic Activity
The secondary inspection
shows continuous runoff
channels, sediment
displacement, and erosion
aligned with downhill
gradients, indicating water-
driven processes.
The absence of structured
construction geometry and
the presence of branching...

OUTPUT: D

o

Figure 15: Qualitative case study on Disaster Type Classification. GeoScout-Agent uses iterative zoom-based
inspection to distinguish hydrological erosion patterns from anthropogenic disturbance, correctly attributing slope
failure to precipitation-driven processes overlooked by single-pass inference.

24



	Introduction
	Related Work
	Vision-Language Models for Earth Observation
	Agentic Vision-Language Approaches for Earth Observation

	Methodology
	Framework Architecture
	Vision Language Controller
	Visual Perception and Dynamic Analysis Tools
	Inference Workflow

	Experiments and Results
	Experiments Across Task Categories
	Accuracy Latency Tradeoff in Tool-Augmented Geospatial Reasoning
	Qualitative Case Study

	Ablation and Diagnostic Analysis
	Conclusion
	Limitations
	Future Work
	Baseline Performance of Individual Tools
	DINOv3 Baseline
	SAM3 Baseline
	Code Execution Tool Baseline

	Additional Temporal Results
	Hyperparameters Settings and Implementation Details
	Image Processing Tools
	Image Sharpening Tool
	Image Zoom Tool

	Prompt Templates
	Baseline System Prompt
	Agent System Prompt
	Agent Query Format
	Agent Loop Termination Prompt

	GeoBench-VLM Dataset Examples
	Additional Qualitative Case Studies

